This paper deals with the application of an innovative method for combining estimated outputs from a number of rainfall-runoff models using Gene Expression Programming (GEP) to perform symbolic regression. The GEP multi-model combination method uses the synchronous simulated river flows from four conventional rainfall-runoff models to produce a set of combined river flow estimates for four different catchments.
Introduction
In the context of rainfall-runoff modeling, the multi-model combination approach advocates the synchronous use of the simulated discharges of a number of rainfallrunoff models to produce an overall combined/integrated discharge which can be used as an alternative to that produced by a single rainfall-runoff model. The basic hypothesis made in the multi-model combination approach is that different models capture different aspects of the data and hence the combination of these aspects would produce better discharge estimates than those produced by any one of the individual models involved in the combination.
The use of the multi-model combination of rainfall-runoff models was advocated by Shamseldin(1997) and Shamseldin et al.(1997) . Since then there have been several more studies which have dealt with multi-model combination of hydrological models (e.g. (Abrahart and See 2002 , Ajami, et al. 2006 , Coulibaly, et al. 2005 , Hsu, et al. 2009 , See and Openshaw 2000 , Shamseldin, et al. 2007 , Viney, et al. 2009 , Xiong, et al. 2001 ).As the nature of the combination function is unknown and no theory exists to analytically derive the combination function from a hydrological or physical point of view, previous studies have used empirical data-driven modeling to derive the combination function and such use is very appropriate.
In previous hydrological multi-model combination studies, both linear and non-linear soft computing (e.g. neural network and fuzzy-based) combination methods have been used to produce multi-model river flows (Coulibaly, et al. 2005 , See and Openshaw 2000 , Shamseldin 1997 , Xiong, et al. 2001 . The linear combination methods include the Simple Average Method (SAM) and the Weighted Average Method (WAM). In the SAM, the combined output is simply the arithmetic average of the outputs of each individual model used in the combination. The SAM is a naïve forecast combination method, which can work very well when the constituent models have practically the same level of performance; it is more sensible to use it purely as a baseline against which the results of more sophisticated combination methods can be compared. In the WAM, the combined forecast is calculated as the weighted sum of the forecasts of the constituent rainfall-runoff models, thereby, allowing for the situation where the constituent models have significantly different levels of performance. Shamseldin et al. (1997) pioneered the use of an artificial neural network (ANN) for efficient multi-model combination of a group of rainfall-runoff models. In the previous studies ANN combination methods were found to be generally better than those of the linear weighting (WAM) and fuzzy-based methods (Xiong, et al. 2001 ) (See and Abrahart 2001 , Xiong, et al. 2001 . The Fuzzy-Based Combination Method (FBCM) uses a set of fuzzy IF-THEN rules to transform the synchronous individual model forecasts (operating as inputs) into a single combined output forecast. See and Openshaw (2000) and Xiong et al. (2001) introduced the use of fuzzy methods for the combination of river flow forecasts. Xiong et al.(2001) concluded that a first Order Takagi-Sugeno type FBCM can yield results that are better than those of the best of the constituent models, i.e. that it can function effectively as a hydrological multimodel combination technique. More recently guidelines for choosing an effective method of combination have been developed (Jeong and Kim 2009) .
The above noted studies have demonstrated the potential capabilities of the multimodel combination approach in improving the accuracy and reliability of hydrological modeling results and have laid the foundation for the further use of this approach in rainfall-runoff modeling. However, in these studies no attempts have been made to explore the nature of the combination function and its inner working. Furthermore, no explanation has been provided to clarify the improvements in the modeling results.
The use of Gene Expression Programming (GEP) (Ferreira 2006) to perform symbolic regression and develop a combination type rainfall-runoff model for a single river has been recently reported (Fernando, et al. 2009 ).The outcome of that preliminary study to develop a combined multi-model-output GEP model to simulate daily flow in a single river catchment concluded that the GEP model performance was superior in comparison to the individual models, the transparency of the GEP model was useful, and that there was a need to prevent over-fitting of the data to the GEP model.
The current paper extends that initial investigation to cover four river catchments with diverse characteristics and presents a set of mathematical equations that were evolved in GeneXproTools 4.0: a powerful software package that is used to accomplish the combinatorial operations. The paper focuses on further advancing our understanding about the inner working of the multi-model combination function which can hold the key for further improvements in modeling results as well as providing guidance about the effective development of multi-model combination systems. GeneXproTools 4.0is used to develop multi-model combination functions based on daily estimates of four rainfall-runoff models for four catchments with different geographical location and climate conditions. In broad terms, symbolic regression is very similar to traditional parametric regression in the sense it attempts to derive a functional relationship/model which describes the relationship between dependent and independent variables. In traditional parametric regression, the form of the function relating dependent and independent is specified a priori and the usual regression procedures are used to estimate the corresponding parameter values. Symbolic regression is a form of nonparametric regression in which the function relating dependent and independent variables is not specified a priori but the function is constrained to contain a number of mathematical or logical expressions to be chosen from a larger set of pre-selected expressions. GEP is used to simultaneously select the optimum set of expressions involving the appropriate input variables.
The four selected models for the multi-model combinations are: the Linear Perturbation Model (LPM), the Linearly Varying Gain Factor Model (LVGFM), the Soil Moisture Accounting and Routing (SMAR) Model and the Probability-Distributed Interacting Storage Capacity (PDISC) model. The first two models are 'black-box' models, the LPM exploiting seasonality and the LVGFM employing a linear variation of the runoff coefficient with discharge. The remaining two are conceptual rainfall-runoff models. Further details on these models and their applications are given by others (Ahsan and O'Connor 1994 , Kachroo 1992 , Moore 1985 , Senbeta, et al. 1999 , Tan and O'Connor 1996 .
The rest of this paper is structured as follows. The next section gives an introduction to GEP and explains the basis of performing symbolic regression using GEP, as implemented in the software package GeneXproTools 4.0. The section after that is devoted to providing an explanation of the data used in the study. This is then followed by a section discussing the application and the results. The final section outlines the main conclusions of the paper and the limitations of this study.
Gene Expression Programming
GEP is an evolutionary algorithm that is used to develop computer programs based on a search and optimization technique using analogies from natural selection and evolution. GEP captures the best properties of Genetic Algorithms (GA) and Genetic Programming (GP), but eliminating the constraints associated with implementing the genetic operators inherent to them. Although GA and GP are well known in the literature, application of GEP is only beginning to emerge (Steeb, et al. 2005) . In GEP individual expressions are encoded in linear chromosomes which in turn make up expression trees whereas in GA it is done in the reverse, i.e., the individuals are parse trees, which can be somewhat cumbersome, that can thereafter be expressed as a linear string.
A detailed description of the operation of the GEP algorithm is not intended here; only a brief explanation of the underlying principles is instead presented by means of a simple example. For a detailed explanation of GEP theory and its operation refer to the extensive work of Ferreira (Ferreira 2001 , Ferreira 2006 , Ferreira 2009 The evolution of GEP is guided by the fitness of the functions generated during the evolution process. The fitness could be a measure of the error (i.e. the objective function) signifying the difference between the function outcome and the actual expected value. The actual GEP allows the concatenation of several functions (or genes), either through addition/subtraction or multiplication/division. The evolution of GEP can be terminated either when the fitness of the function reaches an optimum value or when the algorithm has evolved through a pre-specified number of evolutions.
GEP can, given the relevant data, find the mapping function between the independent variables (outputs from the individual models) and the dependent variable (the actual flow rate). The algorithm begins by setting up arbitrarily a gene based on user specified functions and input/independent variables to form the head of gene, the length of head, user specified or default values for genetic operators. The error between the program evaluated output and the expected output/dependent output (fitness of the function) is calculated. In the following iterations, the gene is subjected to genetic operators at user-defined rates as a result of which a new equation is formed and the new fitness is evaluated. The evolution of the equation is terminated when a userdefined threshold fitness value or a number of iterations is achieved.
Independent Model Data Sets
Five separate sets of data for each of the four major rivers were used for this study: the first set is the observed flow at the river gauge and the remaining four are the predicted daily flow values from four conventional models -Linear Perturbation (LPM), the Linearly Varying Gain Factor (LVGFM), the Soil Moisture Accounting and Routing (SMAR), and the Probability-Distributed Interacting Storage Capacity (PDISC). Each model was calibrated to the data of each catchment and the calibrated model parameters were used to produce the estimated discharges. In each catchment, the models and the combination methods were developed and verified using the same calibration and verification period. Full details of the procedures used in calibrating the four rainfall-runoff models can be found elsewhere (Ahsan and O'Conner 1994 , Kachroo 1992 , Moore 1985 , Senbeta, et al. 1999 , Tan and O'Connor 1996 . LPM, LVGFM and PDISC models were calibrated on minimization of the least squares objective function. For SMAR model, the objective function reflected both the volumetric error and the mean square of the errors .
Of the four rivers included in this study, three are situated in China and one in Ireland. The data for these river catchments have been previously used for combination model development research and therefore provide good prospects for comparison. 
Application of GenXProTools
In this study, for each catchment the 
Input/output Variables
The four independent input variables used in this study comprised concurrent estimated discharge values obtained from LPM, LVGFM, PDISC and SMAR models. The expected output was the measured daily flow of the river. Table 1 summarizes the data sample sizes for training and testing.
Functions
The basic functions used for the GEP in the software are given in Table 2 . As the intention is to produce a simple combination function, the more complex options were excluded from this selection. The other important GEP model parameters and the notations of the inputs (i.e. individual model outputs) are shown in Table 3 . As indicated in this table, the solution is expected to be the sum of three expressions (resulting from three genes) and the fitness of a population in one generation is calculated based on the Mean Square Error (MSE). The tool was used to evolve the GEP through 100,000 evolutions and the resulting final model for each catchment made up of three additive expression trees, resulting from three genes G1, G2 and G3, was identified. The GEP multi-models for Baihe and Yanbian catchments do not include the highest ranking individual model SMAR at all. The GEP multi-models for Yanbian and Shiquan catchments contain all of the four individual rainfall-runoff models. Some explanation can be given for this selective participation of some of the individual models using how well these hydrologically different catchments were represented by the individual models, and how the individual model predictions correlate to the combined GEP model predictions. Table 5 summarizes the correlation between the individual and the multi-model outputs and actual observations. The table shows that without exception, the GEP combined models deliver daily flow estimates that possess a higher correlation coefficient with the observed flow than the correlation coefficient values associated with the individual models.
Results

Each
As explained earlier, semi-arid Baihe catchment has widely varying flow and conceptual models such as SMAR and PDISC provide best estimates for individual model predictions (Table 4b) The Brosna catchment is located in a temperate climatic region and both the SMAR (conceptual) and the LPM (black box type) individual models provide high accuracy for daily flow estimates (See Table 4b ). The PDISC model output has poor correlation with the observed data (r=0.643) and has been completely left out of the combination model.
The SMAR model, on the other hand, has the highest correlation with observed values (r=0.965) and has participated in the dominant ET in the GEP model. The combined GEP model gives the best correlation with the observed flow (r=0.996).
The semi-arid Shiquan catchment with near-zero flows in most part of the year is best represented by the conceptual models SMAR and PDISC (Table 4b ). The combined model has used both of these models and also LVGFM in the primary component to produce a superior GEP model that has the highest correlation with the observed values (r=0.993) ( Table 5 ).
The Yanbian catchment that displays gradual recession between rainy seasons, has been fairly well represented by both the conceptual models as well as the black box models, with correlation coefficients r>0.935 for all models (See Table 4b ). The combined GEP combined model has chosen the LVGFM (black box type) and PDISC (conceptual) model outputs to synthesize a forecast superior to all the individual models with r=0.994 (see Table 5 ). Table 6 summarizes the statistics for both the training and testing sets for all four catchments which highlight the superiority of the performance of the GEP models compared to the individual models. All of the individual models were calibrated and verified using the same calibration and verification periods. Summarizing the information in the tables 4 -6, it can be concluded that the GEP combination model provides a superior solution; in addition, the model equation can be explicitly written as a simple mathematical function. Figure 9 (a-h ) shows the flow duration curves for the catchments for the training and testing set, from left to right, which confirm that the GEP combined model predictions
give the closest fit to the observed curve.
Conclusions
The following conclusions can be made:
Compared to individual LVGFM, PDISC, LPM, and SMAR models, the GEP combination model that combines the synchronous flow forecast values from these four conventional models is able to provide a superior estimate of the flow forecast for all four catchments considered in this study.
The GEP combination modeling approach offers a promising way to seek flow forecasts through a transparent model combination method as opposed to the "Black box" approaches used so far to combine a set of individual models. The mathematical equations that combine the synchronous outputs of individual models can be obtained and used further for forecasting without relying on sophisticated software. Thus this could be an alternative that can be provided to practitioners who do not necessarily have an in-depth understanding of novel techniques such as ANN or GEP concepts. 
